When assessing drought risk, most studies focus on hazard and vulnerability, paying less attention to exposure. Here, we propose a comprehensive drought risk assessment scheme combining hazard, exposure, and vulnerability. At the Mun River Basin, 90% of rice cultivation is rain-fed and regularly encounters droughts resulting in the lowest yields in the country. The water deficit calculated with respect to rice water requirement is used to assess drought hazard and is estimated at monthly time steps. We use drought severity and frequency for hazard estimation and population and rice field characteristics for exposure. Vulnerability is represented by physical and socioeconomic factors and coping and adaptive capacity. Between 1984 and 2016, monthly precipitation during the rice-growing season was insufficient to meet rice water needs at all growth stages (July-November). The hazard is more severe in October and November, which can lead to significantly reduced yields. People and rice fields in the center part of the basin are more exposed to drought than in other parts. Extensive areas are under high and moderate vulnerability due to low coping capacity. The higher drought risks appear in the last 2 months of the growing season and decrease from north to south, while the risk map of total precipitation demonstrates that most of the areas have low and very low risk. This emphasizes the importance of monthly time series analysis to calculate agricultural drought hazard and risk. Consequently, we recommend using the hazard and risk maps for October and November instead of the total precipitation to develop solutions to improve rice yield.
Introduction
Drought is a frequently occurring and widespread natural hazard, which adversely affects many people and economic sectors among which agriculture is most affected (FAO 2017 (FAO , 2018 World Meteorological Organization (WMO) and Global Water Partnership (GWP) 2016). Drought creates unfavorable conditions for crop development and eventually reduces yields. It occurs not only in arid regions but also in regions with relatively abundant precipitation (Pereira et al. 2002) . Thailand, for example, has an average precipitation of about 1455 mm/year; however, it periodically endures droughts, and agriculture is the main sector affected. In 2013 about 3850 km 2 of agricultural areas and 9 million people were affected by drought with the total damage of 90 million US$. The damage in 2014 was even greater (550 million US$) with 6800 km 2 and 9 million people affected (Department of Water Resources of Thailand 2016). The level of impacts depends on socioeconomic conditions, such as population density, types of crops, poverty, and an education level (World Meteorological Organization (WMO) and Global Water Partnership (GWP) 2016). Therefore, understanding the hazard extent, exposure, vulnerability, and risk of droughts to agriculture is essential for developing appropriate water management and mitigation measures that can reduce the adverse impacts and enhance crop yields.
Different concepts and definitions to drought risk assessment have been introduced and adopted. For example, risk is defined as the product of the hazard and vulnerability stated by Knutson et al. (1998) and Wilhite (2000) and was adopted by He et al. (2013) , Kim et al. (2015) , Shahid and Behrawan (2008) in Bangladesh, China, and South Korea, respectively. Risk is a product of the exceeding probability of drought hazard at a specific severity, and its relevant drought disaster affected ratio by Lei and Luo (2011) in China. Risk in Germany is examined with respect to water supply, which calculates from precipitation, plant-available water and recharges from groundwater, and yield potential for cereals, root crops, and grass (Schindler et al. 2007 ). An agricultural drought risk assessment model specific to corn and soybean in Nebraska, USA, was developed based on the standardized precipitation index (SPI) and crop-specific drought index (CSDI) by using multivariate techniques . Risk in northeast Thailand was assessed using remote sensed data and Geographic Information Systems (GIS). The analysis derived meteorological, hydrological, and physical droughts and finally integrated them by matrix analysis (Mongkolsawat et al. 2001) . However, when evaluating drought risk, most studies focus on hazard and vulnerability (Belal et al. 2014) . Some consider exposure as part of vulnerability, but the distinction between vulnerability and exposure is often not made explicit (Cardona et al. 2012; Liu et al. 2013 ). Less attention is devoted to understanding and addressing exposure.
Drought indices, especially the Standardized Precipitation Index (SPI) and Standardized Precipitation Evapotranspiration Index (SPEI), have been widely adopted in drought hazard analysis at all scales: global (Spinoni et al. 2014; Wang et al. 2014) , regional (Blauhut et al. 2015; Jeong et al. 2014; Keyantash and Dracup 2004) , national (Daneshvar et al. 2013; He et al. 2011; Kim et al. 2015) and basin (Pandey et al. 2012; Tsakiris et al. 2007) . Although the SPEI has a strong relationship with rice yield (Prabnakorn et al. 2016) , it is not clear whether standardized indices like the SPEI or SPI can identify areas that are more prone to droughts than others (Lloyd-Hughes and Saunders 2002). In addition, some studies conducted drought hazard analysis by linking the climatic variables to rice production, such as the research by Chung et al. (2015) , Li et al. (2015) , Prabnakorn et al. (2018) , Rahman et al. (2017) , Sarker et al. 1 3 (2012) from which their concepts significantly contribute to the method using to estimate the drought hazard index (DHI) for assessing drought hazard in this study.
Drought is a complex phenomenon composed of natural, physical, and social components (Hayes et al. 2004; Wilhite 2000) . A clear definition is needed to avoid confusion about the onset of drought and its severity (Hayes et al. 2004; Yevjevich 1967) . In this study, we follow the agronomist's view that drought is a condition of water stress and shortage, which affects crop growth and reduces yields (Maracchi 2000; Pereira et al. 2002) . Hence, in this study, the risk was assessed by using drought hazard, exposure, and vulnerability, associated with rice growth and yields.
This paper aims to characterize spatial variations in drought hazard, exposure, vulnerability, and risk for rice cultivation. We propose a new scheme for drought risk assessment adapted from Hagenlocher et al. (2018) . The concept is based on the three key determinants of drought risk, i.e., hazard, exposure, and vulnerability, with each component contributing to the composite risk in the same degree. We use the percentage of water deficit that affects rice production to derive the DHI, which to our knowledge has not been done before. The method concerns both drought severity and frequency; the frequency of each severity class is calculated and used to derive drought hazard directly, which is more sensitive to changes in drought severity than the previous method (He et al. , 2013 Kim et al. 2015; Shahid and Behrawan 2008) . We assess drought hazard and risk at monthly time steps rather than only using the total precipitation over the growing season. This is important because the sensitivity of crops to drought is different at different growth stages. To understand drought risk in all dimensions, we include population and rice field characteristics in the estimation of exposure, and physical and socioeconomic factors and coping and adaptive capacity in vulnerability analysis.
Materials and methods

Study area: Mun River Basin
The Mun River Basin (Fig. 1) is the largest basin in Thailand, with an area of 71,060 km 2 . Located in the northeast of the country, it covers 10 provinces: Nakhon Ratchasima (Na), Buri Ram (Bu), Khon Kaen (Kh), Maha Sarakham (Ma), Surin (Su), Roi Et (Ro), Si Sa Ket (Si), Yasothon (Ya), Amnat Charoen (Am), and Ubon Ratchathani (Ub). The basin is bounded on the west and the south by mountain ranges, which are the headwaters of the Mun River. The 726 km river runs east and converges with the Chi River before reaching the confluence with the Mekong River.
Paddy rice fields, both irrigated and rain-fed, occupy the most extensive areas, especially in the lowland (38,565 km 2 , which represents 75% of the total agricultural area). The Khao Dok Mali 105 (KDML105) and Rice Department 6 (RD6) are the two major varieties of Jasmine rice grown here. They are both medium-maturing types with a growing period of 120-140 days, roughly from July to November (Bureau of Rice Research and Development (BRRD) n.d.). The rice has three distinct growth phases: vegetative (from sowing to panicle initiation), reproductive (from panicle initiation to flowering), and ripening (from flowering to full maturity) (Brouwer et al. 1989 ).
Constructing a drought risk assessment framework
Concepts and quantitative approaches to risk assessment are continuously evolving. A widely accepted holistic concept integrates and links all dimensions associated with risk such as physical/natural, social, economic, political, and environmental aspects (Hagenlocher et al. 2018; IPCC 2012 IPCC , 2014 Sebesvari et al. 2016) . Risk is a function of these factors that are usually classified into three key components: hazard, exposure, and vulnerability (Cardona 2011; IPCC 2012 IPCC , 2014 Koks et al. 2015; Kron 2005) . The simple mathematical form of risk is the product of these three components (1) (Carrão et al. 2016; Kron 2002; Peduzzi et al. 2009 ).
Consistent with this concept, we developed a framework of drought risk assessment presented in Fig. 2 . Hazard analysis takes into account drought severity and the probability of occurrence in the past 33 years . The exposure and vulnerability include multiple components which are described in the remainder of the paper. Consequently, Eq. 1 is modified to where DRI is drought risk index, DHI is drought hazard index, DEI is drought exposure index, and DVI is drought vulnerability index. Owing to the product relationship, the likelihood of drought risk equals zero if there is no hazard or no exposure at a given location (or if neither is present).
(1) Risk = Hazard × Exposure × Vulnerability, Thailand (1984 Thailand ( -2016 , created from data from 53 precipitation stations (triangle) selected for the study
Estimation of drought hazard
Continuous time series data of monthly precipitation over the period of 1984-2016 were collected from 53 selected stations distributed over the basin (Fig. 1) . The data were verified and validated as follows. A cross-database comparison was performed between precipitation data from two sources: the Royal Irrigation Department and the Meteorological Department of Thailand. The values that were flagged as outliers, incorrect, or doubtful were then compared with the values from neighboring stations and were corrected. The missing precipitation values were replaced, where possible, by estimated values using multiple linear regression techniques. The method is based on fitting the best straight line through neighboring stations (independent variables). The set of neighboring stations giving the highest coefficient of determination (ρ 2 ) were selected for data completion, but the missing values were retained in the record if ρ 2 < 0.5 to ensure data quality and reliability. We assess drought hazard by evaluating an imbalance between water supply and demand. Drought occurs when the demand is higher than the supply. Water supply is calculated as the monthly or total precipitation over the rice-growing seasons. Water demand refers to the water required for rice growth. The calculation is based on Brouwer et al. (1989) , which includes the water needs for soil saturation, evapotranspiration, percolation and seepage losses, and the establishment of a water layer. The equation takes the form where WR i is water requirement for rice at month i or the total water requirement for the entire growing season (mm). SAT is the amount of water needed to saturate the soil (mm) at the beginning of the growing season, which depends on the soil type and rooting depth. It is the area-weighted average of the available water contents of all soils in the study area at 1 m effective rooting depth of rice (Allen et al. 1998 ). The rice water needs ET rice = ET 0 × K c ; the ET 0 is the reference evapotranspiration rate estimated by using the ET 0 calculator software provided by FAO (2009) , and the K c is the crop factor for rice obtained from Brouwer and Heibloem (1986) . PERC is the percolation and seepage losses, which depend on the soil type, and WL is the amount of water needed for the establishment of a water layer (mm); both values obtained from Brouwer et al. (1989) . Hagenlocher et al. (2018) Then the percentage of water deficit (WD i ) can be calculated using where P i is monthly or total precipitation (mm/month or mm/growing season), the WD i values were categorized into five levels and assigned weights ranging between 0 and 4 according to their severity (Table 1 ).
The frequency of each level of WD i is calculated using where F j is drought frequency at severity level j, n j is the number of years with water deficit at level j, and N is the total number of years under consideration. Finally, the drought hazard index is calculated by integrating the product of the weight of water deficit at each level (W j ) and its relevant frequency (F j ). The minimum value of DHI is 0, meaning there is enough rainwater for rice cultivation every year (no water deficit). The maximum amount is 4 = 4 × 1, meaning there is insufficient water for rice every year. The equation takes the form Figure 3 depicts the DHI values derived by this method (triangle), showing it is more sensitive to changes of drought severity than the previous method (circle) used by He et al. (2011 He et al. ( , 2013 , Kim et al. (2015) and Shahid and Behrawan (2008) . The method assigned weights to each level of drought severity and also assigned ratings to each range of the frequency; the DHI is the summation of the product of the weight and its relevant rating. The double rating steps (to both severity and frequency) thus reduce the sensitivity of the DHI.
All DHI values were used to derive drought hazard maps using the ordinary kriging method in Geostatistical Analyst in ArcGIS. The method has been shown to outperform universal kriging slightly and is significantly superior to the inverse distance weighting methods over various types of surfaces and all levels of noise and spatial correlation (Zimmerman et al. 1999) . Finally, the hazard maps are divided into four levels based on the DHI values: very low, low, moderate, and high. 
Indicator selection for drought exposure and vulnerability
Following the drought risk assessment concept in Fig. 2 , we selected population density and rice field location (derived from land use maps) and production as the most visible elements to represent exposure. The vulnerability analysis can include many factors, depending on the available data. Hagenlocher et al. (2018) provided a library of indicators, which can be used as a blueprint for vulnerability assessment of deltaic environments, as guidance for other environments. In our case where data availability is a constraint, we selected the factors based on the literature review, focusing on studies with limited data. Details on the literature review and results are presented in Supplementary Material 1. As our study focuses on agricultural drought in rice cultivation, we decided to use the factors most commonly used in agricultural drought vulnerability assessment: these are soil water-holding capacity, poverty rate, the proportion of people depending on agriculture, an education level (average year of schooling), and irrigation support. Furthermore, we included soil salinity and groundwater quantity and quality in our study, although these have rarely been used because they are significant for crop growth and production. In contrast, the proportion of people living in a rural area is disregarded because almost all farmers live in rural areas. Also owing to gender inequality in education, defined responsibility, social positions, etc., men and women reveal different vulnerability to climate variability (Dah-gbeto and Villamor 2016; Djoudi and Brockhaus 2011). However, the proportions of male to female in the provinces in our study area are not much different (the values vary from 0.97 to 1.0), the inclusion of this factor in the vulnerability analysis is not significantly made a difference to total vulnerability in each province. Thus, the male-to-female ratio is neglected from the analysis; however, this does not mean there is gender equality. The remaining factors [e.g., land slope, cultivated land area per capita, gross domestic product (GDP) per capita, saving per capita, fertilizer consumption, agriculture machinery, and institutional capacity] were disregarded, mainly because little data were available; however, we do not believe that this would have changed our findings significantly, and these have seldom been included in the previous studies as detailed in Supplementary Material 1. 
Estimation of drought exposure and vulnerability
According to IPCC (2012 IPCC ( , 2014 , exposure is the presence of people, society, livelihoods, ecosystem, environment, resources, infrastructure, or economic or cultural assets that could be adversely affected by the hazards. Vulnerability is the propensity or predisposition to be adversely affected; it is determined by a combination of social, economic, environmental, technological, and physical factors (Cardona 2011; Hayes et al. 2004; Shahid and Behrawan 2008) . Following the modular scheme of drought risk assessment, the calculation within each exposure (EP and ER) and vulnerability (PS, SS, and CA) units was achieved by using the following equation:
where X i is exposure or vulnerability factors, and α i is the weights given to factors. This weighted average formulation is also applied to estimate DEI for exposure and DVI for vulnerability. There are various techniques for assigning weights, as mentioned above. Here we used equal weights to all factors to finally obtain DEI [Eq. (8)] and DVI [Eq. (9)].
Lastly, the results of all raster cells were obtained using the Spatial Analyst tool in Arc-GIS. The results were classified into four levels using natural breaks: very low, low, moderate, and high. The natural breaks represent natural groupings inherent in the data. This is an iterative process to find the proper intervals with the variance within the same class as small as possible and that between classes maximized (De Smith et al. 2009 ).
Data collection, processing, and weighting
An overview of the data used and their sources is presented in Table 2 . Land use and irrigation support data are in gridded format and can directly be used for the next weighting step. However, some gridded data, i.e., soil type, soil salinity, and groundwater quantity (expected well yield) and quality (total dissolved solids: TDS), and non-gridded format data, i.e., rice production, population density, poverty rate, education level (average year of schooling), as a result of a paucity of spatially explicit data, need some data processing and preparation. For the soil data, we derived the available water content at a specific rooting depth, which is constant in a particular soil type but varies widely between soil texture and structure (Brouwer et al. 1985; Wilhelmi and Wilhite 2002) . It is the difference in water content between field capacity and permanent wilting point, and in this case, the effective rooting depth of rice (in the absence of characteristics that can restrict rooting depth, such as bedrock, lithologic discontinuities, water tables) is 1 m. Soil salinity, and groundwater quantity (expected well yield) and quality (TDS) data were categorized into different levels by the experts from responsible departments. The non-gridded data were collected (7) EP, ER, PS, SS, and Wilhelmi and Wilhite (2002) assigned the weights based on the relative contribution of each factor to overall vulnerability, Chen et al. (2013) applied a statistic-based method (principal component analysis: PCA) to evaluate the weights of the factors in social vulnerability assessment, and Yuan et al. (2015) assigned the weights based on expert opinions and employed accelerating genetic algorithm-based analytic hierarchy process (AGA-AHP) to quantify the opinion. In our study, as described above when we obtained the data, some data were already classified into different classes, and thus, we followed Wilhelmi and Wilhite (2002) , because their method is widely accepted in vulnerability assessment where factors contain several classes (Pandey et al. 2012; Safavi et al. 2014; Shahid and Behrawan 2008; Wu et al. 2011) . Consequently, each class of all factors was given a weight between 0 and 4 (0 represents non-affected, 1 represents least significant, and 4 represents the most significant). For example, soil types with less than 150 mm water-holding capacity are ranked 4, showing that they are less able to withstand a deficiency of precipitation than ones with higher water-holding capacity. Dummy weights were assigned to some classes for masking purposes, and they were excluded from the analysis (Supplementary Material 3).
We investigated statistical correlations between the factors in exposure and vulnerability indices to verify whether a multicollinearity problem exists by using Kendall's Tau correlation coefficient (Ƭ b ). This measures associations between ranked data, and the results range from − 1 and 1. The correlation values were then examined regarding statistical significance through a two-tailed approach. If Ƭ b > 0.9 and statically significant, the data are highly correlated (Hagenlocher et al. 2018 ). The analysis was carried out in IBM SPSS Statistics, the results are in Supplementary Material 4, and no issue of multicollinearity was detected. Consequently, all exposure and vulnerability factors can be used in the study.
Results and discussion
Hazard
The average, minimum, and maximum monthly precipitations during the rice-growing season from 1984 to 2016 are shown in Fig. 4 for all 10 provinces in the basin. September has the highest amount of average precipitation for all except the three eastern provinces, Yasothon, Amnat Charoen, and Ubon Ratchathani, where the highest average precipitation is in August. Additionally, the precipitation decreases from east to west in the rainy months, July, August, and September. This is because the provinces to the west are on the leeward side of the mountain ranges against the southwest monsoon (Nawata et al. 2005) . Moreover, those provinces are further inland, and they receive less of the cyclonic rains that occur annually in the South China Sea and blow westward to Thailand. The precipitation declines in October and reaches a low in November; the amounts in these 2 months do not differ much among provinces. The variations in precipitation (max-min) are high in the rainy months, July, August, and September, and low in the dry months, October and November. The variations in precipitation in July and August are higher in the eastern provinces, Si Sa Table 3 illustrates the water requirement for rice with a growth period of 120 days (midJuly to mid-November). Over the growing season, a total of 1351 mm water is needed; the monthly requirement is high at the beginning of the growing season when land is prepared, and in October when the rice needs the highest water layer (up to 100 mm). The water is lower in August and September (20-50 mm), and no standing water is required in November, resulting in lower water requirements.
Over the past 33 years, many years have had insufficient monthly precipitation during the growing season to meet the water requirements for rice at all phases (Fig. 5) . If we only consider the total precipitation over the growing season, it is not far below the amount required for rice growth. The hazard map of the growing season shows only moderate and low levels of drought hazard; the area of moderate hazard in the west accounts for 57% of the total area, while the rest (43%) in the east has a low hazard. November represents the most severe water shortage in terms of intensity and frequency. However, the dry conditions in this month will not cause an adverse effect on production since this month represents the final ripening phase; instead, they homogenize maturation and facilitate harvesting (Wopereis et al. 2008) .
Rice is somewhat fragile in October (mid-reproductive to mid-ripening phases) as two crucial stages occur at this time: flowering and grain filling. Although flowering occurs around mid-October, it is essential to maintain the water layer throughout the month because yield will decrease considerably if standing water disappears before flowering, as this causes a high percentage of spikelet sterility (Bouman et al. 2007; Jearakongman et al. 1995) . The model simulation indicates that KDML105 yield falls below 1 ton/ha when the water layer disappears more than 20 days before flowering (Fukai et al. 2000) . The grain-filling stage occurs in the second half of the month when the rice accumulates carbohydrates through photosynthesis. This stage determines the individual grain weight and quality, and it is susceptible to water deficiency, which causes incomplete grain filling (Beighley 2010; Yoshida 1981) . Therefore, rice fields in the upper part of the basin (48% of the total area), which face a high level of drought, are more vulnerable to yield reduction than those in the lower part, which only suffer a moderate level of drought.
September has the highest precipitation and the least water shortage; 20% of the eastern area is at very low risk, and the rest (80%) is at low risk. In this month, panicle initiation and differentiation are the critical stages that influence the yield because the number of spikelets per panicle is determined at this stage. The initiation and development of panicle primordia are mainly controlled by short photoperiods (Yoshida 1981) because both KDML105 and RD6 are photoperiod-sensitive (Bureau of Rice Research and Development (BRRD) n.d.). Thus, if the days are too long than critical photoperiod, those stages will be delayed, and the length of the growing period will be extended, which may increase the risk of drought at the late stage when the rainy monsoon season has ended. In August and July, rice in the western region is more vulnerable to drought than that in the east. Drought in August, before or during tillering development, decreases the number of tillers and panicles per unit area (Bouman et al. 2007 ) which in turn leads to reduced yields. In July, the rainwater is mainly used for land preparation; thus, a dry spell will postpone the onset of the growing season, which increases the risk at the late stage.
Drought hazards in July, August, September and over the growing season decrease from west to east following the same pattern as precipitation distribution (in the opposite direction), whereas drought hazard in October decreases from north to south. This may be because there is less influence from the southwest monsoon. Moreover, in October and November, the tropical cyclones rarely move to the lower part of the northeast, where the basin is situated, but usually, move to other regions of the country instead. Figure 6 presents drought exposure. People and rice fields in the central part of the basin are more exposed to drought than those in other parts. High (27%) and moderate (31%) levels of exposures are mostly observed at the central part of the basin due to high population density and rice production, whereas low (36%) and very low (6%) exposures are mostly found in Nakhon Ratchasima and the eastern region.
Exposure
Vulnerability
In terms of physical susceptibility, the upper and the western parts of the basin are more susceptible to droughts than the lower and the eastern ones (Fig. 7a) . About 13% of the total rice cultivation area is highly susceptible to water scarcity, mostly around the borders between upper and lower provinces and in the upper part of Nakhon Ratchasima. 34% and 41% of the area have moderate and low susceptibility, respectively, with patches scattered over the basin. 12% of the area has very low susceptibility, mostly in the lower and eastern parts.
Salinity (in both soil and groundwater) is a major factor in physical susceptibility to drought. The area with high susceptibility primarily has saline soil and poor-quality groundwater with low expected yield. This is mainly due to the rock salt strata under the basin (Wongsomsak 1986 ). Generally, soils in Buri Ram, Surin, and Si Sa Ket provinces have better soil water-holding capacity, which diminishes the susceptibility; however, in some plots susceptibility rises to moderate and high because of saline soils and saline groundwater with low expected yield. The eastern and lower parts are not affected by salt and have a high yield and good-quality groundwater, although the soil water-holding capacities in some plots are low. This leads to low and very low susceptibility in these areas.
In terms of socioeconomic susceptibility, the eastern part of the basin and the provinces in the central part, except Surin, are more susceptible to drought than the others (Fig. 7b) . High (45%) and moderate (14%) levels of susceptibility are mostly found in the eastern region and some districts in the central region, whereas low (25%) and very low (16%) susceptibilities are primarily in the western region and Surin. Nakhon Ratchasima shows very low and low susceptibility.
The socioeconomic susceptibility would be higher if the poverty ratio of the farmers was used in the socioeconomic factors. The poverty ratio used in this study is based on the total population of the province, not only farmers. In Thailand, farmers, particularly the small farm holders, generally earn lower incomes than people in other occupations. In the northeast, the average wage in the agriculture sector is usually the lowest ($165/month in 2017) (The National Statistical Office, Thailand 2018). In addition, for small farm holders, rice production is primarily considered only for self-consumption because the income from rice cultivation is insufficient to cover household expenses or to provide working capital for the next growing season (Bank of Thailand 2015; Haefele et al. 2006) .
The total susceptibility integrated both physical and socioeconomic factors is depicted in Fig. 7c . High (12%) and moderate (25%) susceptibility levels appear mostly in the lower parts-Buri Ram, Si Sa Ket, and the western part of Ubon Ratchathani. This is because of the high susceptibility associated with socioeconomic indicators dominates in those areas. However, in the rest of the basin, particularly in Nakhon Ratchasima, Surin, and Khon Kaen, the susceptibility due to physical indicators is lessened to lower levels (36% low susceptibility and 27% very low) because of the low levels associated with socioeconomic indicators in those areas. When combining the total susceptibility with coping and adaptive capacity in the study area, the total vulnerability is obtained as presented in Fig. 7d . A large majority of rice fields have high (57%) and moderate (38%) vulnerability because they are rain-fed agriculture. Only 8% of the total rice cultivation is irrigated (distributed over the basin) resulting in low (3%) and very low (2%) vulnerability in those irrigated areas. Figure 8 shows the drought risks rice cultivation faces based on the monthly hazard, exposure, and total vulnerability. The risks in July, August, and September follow a similar pattern as the hazard maps, increasing from east to west. In those months, the risk is mostly low and very low; only small areas are at moderate risk. September presents the lowest risk (72% of areas have very low risk) because of the high precipitation. In contrast, the risks in October and November become more severe and show the same pattern, decreasing from north to south. Approximately 65% of the area shows moderate risk, with the highest levels at the central part of the basin, and the lower and eastern parts with the lowest levels.
Risk
The risk map of total precipitation over the entire growing season does not identify areas with critical conditions as the monthly time step does. This map demonstrates that about 94% of rice fields have low and very low risks, while the remaining 6%, mostly in Nakhon Ratchasima and Buri Ram, have moderate risk. This overall perspective is significantly different from the month-to-month perspective, in which one can see that some specific dry periods can coincide with vital growth stages, leading to significantly reduced yields. If we only consider the total precipitation, it can distort our perception and may result in improper decision-making in certain places. Moreover, two important stages, flowering, and grain filling, both of which influence the yield, occur in October. If the initial planting is delayed, delaying the onset of the growing season, these vital stages could be postponed to November, putting them at risk of serious water shortage.
The average education level of people in all provinces, except in Khon Kaen, is below the current Thai national compulsory education of 9 years (Office of the Education Council 2014), thus improving education level has the potential to reduce drought vulnerability in the region. A UNDP report (Pelling et al. 2004) indicates that bettereducated people are better able to cooperate and collaborate with experts in designing ways of dealing with and mitigating disaster risk and respond better to warnings and other public announcements. Moreover, better-educated people can more easily access information about hazard preparedness, reduction, and adaptation, which are increasingly available through new technologies. Well-informed people can help to reduce disaster risks (Cardona et al. 2012) .
Crop insurance, a mitigation measure that compensates farmers for crop losses due to natural disasters (Wilhelmi and Wilhite 2002) , is another crucial factor that can reduce drought vulnerability and risk. However, it has not been successful in Thailand. A pilot crop insurance program for rice was initiated in Thailand in 2009. However, as of 2014, only 1369 farmers were participating in the program, and the total area of rice land insured was only 45.3 km 2 . Also, the collected insurance premiums were less than the indemnity payments (Sinha and Tripathi 2016) .
Since this study considers numerous factors, data quality and availability are its main limitation. The socioeconomic data, for example, are provided in the averaged form at various administrative levels, which will somewhat affect the accuracy of the results. It would be useful if similar studies were conducted in places with better data quality and accessibility. Although our study is comprehensive to assess drought risk on a river basin scale (basin area of 71,060 km 2 ), we have not included some of the detailed factors, e.g., irrigated areas that are supplied by groundwater, rice fields that are insured under crop insurance, and rice fields where drought-tolerant varieties have been planted. Future studies should explore the significance of these factors on the basin-wide assessment. Furthermore, the relative contribution of each indicator to exposure and vulnerability or their components is space specific, and so is the relative contribution of hazard, exposure, and vulnerability to risk. This leads to the relative weights of these factors subjective to the expert's judgment. Due to the lack of objective criteria and data to support that, we limited our analysis using equal weights to each factor. Further analysis of relative weights should carry out the sensitivity of risk factors and may prepare multiple risk maps with various weight scenarios.
Conclusions
This paper aimed to identify the spatial variations in drought hazard, exposure, vulnerability, and risk of rice cultivation at the Mun River Basin, Thailand, using a comprehensive approach, which includes three key components of risk, i.e., hazard, exposure, and vulnerability. The drought hazard was assessed by comparing water deficit to the water requirements of the rice crop as an indicator. The frequency of drought occurrences was directly used to derive DHI, which is more sensitive to changes in drought severity. The analysis was carried out at monthly time steps, highlighting dynamics of spatial variations in hazard and risk. The exposed population and rice were included in the exposure domain, while the vulnerability domain consists of physical, socioeconomic, and coping and adaptive capacity units.
The findings from this study highlight: (1) the importance of assessing agricultural drought hazard and risk on a monthly basis, because total precipitation over the rice-growing season does not reflect the actual conditions the rice has experienced, which can cause considerable reductions in yield; and (2) the importance of including all relevant components, i.e., hazard (severity and frequency), exposure (exposed people and elements), and vulnerability (physical, socioeconomic, and coping and adaptive capacity), into the analysis when conducting drought risk assessment in order to understand risk in all dimension. We showed that the hazard and risk maps of total precipitation indicate lower levels of drought hazard and risk, with different patterns than those of specific months. Consequently, we recommend adopting the hazard and risk maps for October and November as the basis for developing solutions to mitigate against drought impacts yield in the basin.
The contribution of the study is twofold.
(1) It helps to understand the water conditions, exposure, vulnerability, and drought risk facing rice cultivation in the Mun River Basin in Thailand. This information is essential for all relevant stakeholders, the government, waterrelated authorities, regulators, policymakers, as well as farmers, to improve the yields by means of improved water resource management and coping and adaptive capacity, as well as social and economic development. (2) It offers a comprehensive drought risk assessment scheme and the method of hazard analysis specific to rice, which can be applied to other basins or areas with single or multicrops.
